Pleiotropy has long been thought to be a common phenomenon in the human genome; however, until recently appropriate data was unavailable to test this hypothesis. Prior studies focused on assessing the prevalence of pleiotropy in only small subsets of phenotypes (≤ 53 phenotypes), without a truly comprehensive assessment of pleiotropy in the human genome. In this study, we determined the prevalence of pleiotropy, using the entire GWAS catalog (1094 disease phenotypes, 14,459 genes), as well as investigate the relationship between the degree of pleiotropy and the average effect size for each associating gene. The number of associating phenotypes per gene ranged from 1 to 53, with 44% of genes reported in the GWAS catalog associating with more than one phenotype. The proportion of genes shown to be pleiotropic has continued to increase as more studies are added to the catalog. We also found the degree of pleiotropy scales positively with a gene's average effect size (r = 0.04, p value = 0.0003) and negatively with the variance of effect sizes in genes with a given number of associating phenotypes (r = − 0.590, p value = 0.0019). Based on this and prior work, it is becoming evident that pleiotropy is a common, if not ubiquitous, phenomenon. These results have implications in understanding disease etiologies, potentially common biology underlying even disparate diseases, and in elucidating the genotype-phenotype map.
Introduction
Pleiotropy, defined here as one gene affecting more than one phenotype, has become increasingly important in interpreting both genotype-phenotype maps and underlying factors that affect comorbidity, and has been integrated into several methods for genome wide association studies (GWAS) (Chung et al. 2014; Hill and Zhang 2012; Lee et al. 2012; Li et al. 2014a, b; Pendergrass et al. 2013; Rzhetsky et al. 2007; Sivakumaran et al. 2011; Solovieff et al. 2013; Stearns 2010; Wagner et al. 2008; Wagner and Zhang 2011; Yang et al. 2015) . Studies of pleiotropy can impact our understanding of underlying disease processes, and implicitly, the prevention and treatment of disease as well as predicting adverse reactions to drugs. Such studies can also greatly aid in our understanding of the relationships between diseases based on the shared genetic architecture and allow us to distinguish between horizontal (multiple independent phenotypic effects) and vertical (cross-phenotype effects) forms of pleiotropy (Tyler et al. 2009 ). However, using pleiotropy to understand disease etiologies will only be productive if pleiotropy is common. While pleiotropy has been suspected to be common in the human genome, it is only recently that large-scale data to test this claim have been available. In a recent study, researchers were able to identify 341 pleiotropic loci across 42 traits (Pickrell et al. 2016; Visscher and Yang 2016) . Considering how many pleiotropic loci were found from such a limited number of traits, it was concluded that pleiotropy is likely a common phenomenon in the human genome. However, while this evidence does support the hypothesis that pleiotropy is common, it is far from a comprehensive analysis of genetic association studies.
Despite the recognized importance of pleiotropy in developing a comprehensive understanding of gene-disease relationships (Chung et al. 2014; Hill and Zhang 2012; Lee et al. 2012; Li et al. 2014a, b; Pendergrass et al. 2013; Rzhetsky Electronic supplementary material The online version of this article (https://doi.org/10.1007/s00439-017-1854-z) contains supplementary material, which is available to authorized users. et al. 2007; Sivakumaran et al. 2011; Solovieff et al. 2013; Stearns 2010; Wagner et al. 2008; Wagner and Zhang 2011; Yang et al. 2015) , little has been done to investigate the relationship between pleiotropy and risk variation as measured by effect sizes. Studies investigating this question have focused on exploring the correlation of effect sizes of different traits associated with a single locus; however, no study has investigated the relationship between effect size and the degree of pleiotropy in humans. One study, using QTL associations addressed the relationship in sticklebacks between the degree of pleiotropy and allelic effect sizes, found a positive correlation (Albert et al. 2008; Wagner and Zhang 2011) . Similar results have also been found in a variety of model organisms (Wang et al. 2010) . While such studies are useful, no comparable study has ever been done to address this relationship with human disease.
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Methods
To investigate the ubiquity of pleiotropy and its relationship to effect size in humans, we examined the the GWAS catalog (gwas_catalog_v1.0-associations_e89, collected in June, 2017, https://www.ebi.ac.uk/gwas/), a comprehensive database of genetic association studies Welter et al. 2014) . Each significant SNP (p value < 10e−6) was assigned a gene based on the closest mapped gene(s) (annotations are based on GRCh38.p10 reference genome build and dbSNP Build 150) as listed in the GWAS catalog. We also performed our analyses using the more standard and conservative threshold for significance (5 × 10e−8). In the case of an intergenic SNP, the SNP was assigned to both flanking genes. In total 14,459 genes were identified in the GWAS catalog. Phenotypes were manually curated to combine similar or identical phenotypes listed under different names [i.e., "Fasting plasma glucose" and "Fasting plasma glucose (childhood)"]. Studies of phenotypes in a diseased population, such as "Cardiovascular heart disease in diabetics" were listed separately from either the primary phenotype of interest ("Cardiovascular heart disease") or the disease context of the population ("Diabetes"). This distinction was kept because these studies do not address the genetics of the population's disease context and the genetics of the primary phenotype is likely to be distinct from that in an otherwise healthy population. This approach resulted in 1094 phenotypes and 46,211 gene-phenotype associations (of which 16,867 are dichotomous phenotypes) from the GWAS catalog.
Effect sizes were analyzed for dichotomous traits only, as we are particularly interested in investigating disease effects. Additionally, effect sizes for dichotomous traits are not directly comparable to those of continuous variables without standardizing the raw data from the association studies.
The average effect size for each gene was calculated as follows: i = each phenotype associated with gene "x" j = each SNP associated with phenotype "i" and gene "x"
The purpose of using the absolute value of the log was to place effects that increase or decrease risk on the same scale. For example, odds ratios of 0.5 and 2 have the same magnitude of effect; however, they are acting in opposite directions. However, if we were to take the |log (Odds Ratio)|, both effect sizes would be equal to 0.3. This calculation also ensures that each phenotype contributes to the gene's average effect size equally.
To address how the above data have changed as GWAS studies have become more frequent and methods have improved, we calculated the number of phenotypes and average effect size for each gene based on the data available for each year between 2005 and 2017. In this study, we explore the yearly changes in the distribution of the number of phenotypes and the average effect size for each gene in our dataset, as well as the correlation between these two variables.
Results
Currently, the number of diseases with which each gene in the GWAS catalog associated ranges from 1 to 53 (Fig. 1a) . Of these genes, 44% associated with more than one disease (Fig. 1a) . The ten most pleiotropic genes (between 27 and 53 disease associations) included ABO (53 diseases), GCKR (49), MTCO3P1 (46), HLA-DQB1 (43), LOC107986589 (42), HLA-DRB1 (41), CSMD1 (35), CDKN2B-AS1 (35), LOC101929163 (33), and PTPRD (27) ( Table S1 ). Eight of these ten genes remain when we use a more stringent significance threshold and the number of phenotypes associating with the most pleiotropic genes ranges from 17 to 39 (Table S2 ). In addition, using 5 × 10e−8 as the significance threshold did not substantially affect the percentage of pleiotropic genes as it only dropped to 39% ( Figure S2A ). As expected, from 2005 to 2017, the distribution of the number of genes for which evidence of pleiotropy existed increased monotonically. In 2005 and 2006, all genes in the catalog associated with only a single phenotype. In 2007, the first instances of pleiotropic loci were identified (Fig. 1b, Figure  S2B , Table S3 ). The fraction of genes associated with more than one disease has continuously increased 2008 through 2017 (Fig. 1b, Figure S1 , Figure S2B for the more stringent significance threshold).
The current distribution of effect sizes is exponentially distributed, ranging between 0.004 and 2.125 with a mean
of 0.245 (Fig. 2a , and Figure S3A between 0.006 and 2.65 with a mean of 0.166 for a p value threshold of 5 × 10e−8). Average log transformed effect sizes have remained stable since 2008 (Fig. 2b , Figure S3B) ; however, variances have increased steadily ( Fig. 2c ; r = 0.750, p value = 0.008 , Figure S3C ; r = 0.602, p value = 0.0498). Additionally, the variance of effect sizes appears to scale negatively with the number of phenotype associations ( Fig. 3 ; r = − 0.590, p value = 0.0019, Figure S4 ; r = − 0.487, p value = 0.0472).
The correlation between the number of phenotypes and the average log transformed effect sizes of each gene is significant, and trends in a positive direction ( Fig. 4a ; r = 0.04, p value = 0.0003, Figure S5A ; r = 0.09, p value = 3.23e−7 using the 5 × 10e−8 threshold). Removing genes with very few associations from this analysis results in an improved correlation where it was found that genes associating with more than 9 phenotypes had a correlation coefficient on 0.14 ( Fig. 4b ; p value = 0.0017). However, this correlation loses its significance under our more stringent cutoff of 5 × 10e−8 ( Figure S5B ; p value = 0.2021). 
Discussion
Prior work attempting to catalog the prevalence of pleiotropy in the human genome has suggested that pleiotropy is common, but the scope of earlier studies was limited by the number of phenotypes investigated (≤ 53 phenotypes) (Bulik-Sullivan et al. 2015; Pickrell et al. 2016; Visscher and Yang 2016) . We expand upon these prior findings by investigating all 1094 phenotypes listed in the GWAS catalog as of mid-2017. In this study, we found that nearly half of genes reported in the GWAS catalog are pleiotropic, and it is reasonable to conclude that this percentage will continue to increase as additional studies are added to the GWAS catalog. The prevalence of pleiotropy identified in this study is comparable to that found in a previous study of the GWAS catalog [for all GWAS completed up to 2011 (Sivakumaran et al. 2011) ]. Minor differences between this study and ours can be explained by differences in gene and phenotype curation. Another study in 2017 estimated that 12% of protein-coding genes listed in UniProt are pleiotropic (Ittisoponpisan et al. 2017 ). While our findings differ, it is worth noting that the database and underlying hypotheses differ from ours and the findings may not be comparable.
From these data, we were also able to identify the most pleiotropic genes in the human genome; among these, we identified genes that are primarily involved in immune and metabolic functions as did prior studies (Ittisoponpisan et al. 2017; Sivakumaran et al. 2011) , although this may reflect a bias in the classes of diseases frequently examined in GWAS (Table S1 ). Some notable highly pleiotropic genes include: ABO, members of the HLA gene family, and the mitochondrial protein MTCO3P1. Additionally, it is worth noting that two of the most pleiotropic genes are non-coding RNAs: LOC107986589, LOC101929163. These findings indicate that non-coding RNAs can be just as pleiotropic as proteincoding genes. Interestingly, despite being two of the most pleiotropic (and potentially clinically relevant) genes in the human genome, nothing is known regarding the functions of these non-coding RNAs; neither has an entry in OMIM. From 2005 to 2007, GWASs were only able to detect the strong effects (Fig. 2b) . However, as experimental designs and methodologies improved GWASs were able to detect subtler effects. From 2008 to 2017, the mean log 10 effect sizes have remained fairly stable. However, the variance of effect sizes has increased each year. The increasing variance may be explained by two trends in GWAS data: (1) higher density SNP chips allow for higher likelihood of tagging the causal variant or another SNP in close proximity to it, resulting in higher effect sizes, and (2) larger sample sizes, allow for the detection of SNPs with lower effect sizes. Together, these two phenomena will spread the distribution of the effect sizes.
We found that the variance of effect sizes among genes with fewer phenotype associations was higher than those with more associations. Two hypotheses may explain this observation: (1) many, if not all, genes used in this study likely have more phenotypes associations than are currently known. As additional studies are added to the GWAS catalog the distribution of the number of phenotypes that genes are associated with should converge on the actual level of pleiotropy. Along with this change in detected pleiotropy, we further hypothesize that the variance of effect sizes for genes with some given number phenotypes will decrease; (2) in accordance with the law of large numbers the more phenotypes a gene associates, the more accurate the estimated "average effect size". Inversely, for genes with very few associations the estimate of the average effect size will not accurately represent the true average effect sizes, resulting in a larger variance among genes with fewer phenotypic associations.
The correlation between the log 10 (effect size) and the number of phenotypes showed highly significant, albeit weak correlation. This weak correlation is not unexpected because the GWAS catalog is an incomplete dataset, as many gene-disease associations are still unknown. As more studies are added to the catalog, we will gain a more accurate view of the degree of pleiotropy and average effect sizes for each gene; this should refine this relationship. Many of the issues encountered in this dataset occur in those genes with very few phenotype associations; by ignoring these highly variable data points, the correlation between pleiotropy and effect size significantly improves. We acknowledge that there may be confounding variables that are unaccounted for in this analysis, such as the effect of gene length. Nonetheless, based on the current results, we conclude that effect size correlates positively with pleiotropy. This conclusion is also supported by previous work from non-human studies (Pickrell et al. 2016; Visscher and Yang 2016; Wang et al. 2010) . Three (non-mutually exclusive) hypotheses may explain why effect size scales positively with level of pleiotropy:
1. Observation bias-since we know that it is easier to detect associations with larger effect sizes, we would be more likely to detect many associations with genes that have (on average) larger effect sizes, and fewer associations for those genes which have smaller effect sizes. For example, in a hypothetical scenario, if 2 genes both contributed to exactly 10 phenotypes and "gene X" had an average Odds Ratio of 2.00 and "gene Y" had an average Odds Ratio of 1.05, we might expect to identify more of the phenotypes associating with "gene X" than with "gene Y". 2. Pleiotropy drives effect size-the more phenotypes with which a gene is associated, the more profoundly that gene affects those phenotypes. A gene that associates with many diseases will likely be involved in many biological processes (a physiological hub). Therefore, mutations in these genes will likely have a stronger phenotypic effect. 3. Effect size drives pleiotropy-the larger the effect size, the more likely the gene is to be involved in multiple phenotypes, perhaps due to secondary effects of one phenotypic outcome. The observation of scaling of effects as a function of level of pleiotropy has been previously argued, albeit differently, in previous studies (Li et al. 2014a ).
The findings in this study build upon prior research, giving support to the hypothesis that pleiotropy is probably ubiquitous in the human genome. In this study, it was shown that nearly half of disease associated genes reported in the GWAS catalog are pleiotropic. There is also a positive correlation between degree of pleiotropy and average effect size, a relationship which until now has only been explored in model systems. As additional studies are added to the GWAS catalog, we will accurately determine the true levels of pleiotropy and its relationship to effect size. Understanding this relationship is a crucial step towards understanding genotype-phenotype maps and the complex relationship that exists between human diseases.
